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We investigate the accuracy of direct attenuation correction (AC) in the image domain for myocardial perfusion SPECT
(single-photon emission computed tomography) imaging (MPI-SPECT) using residual (ResNet) and UNet deep convolutional
neural networks. MPI-SPECT *°™Tc-sestamibi images of 99 patients were retrospectively included. UNet and ResNet
networks were trained using non-attenuation-corrected SPECT images as input, whereas CT-based attenuation-corrected
(CT-AC) SPECT images served as reference. Chang’s calculated AC approach considering a uniform attenuation coefficient
within the body contour was also implemented. Clinical and quantitative evaluations of the proposed methods were
performed considering SPECT CT-AC images of 19 subjects (external validation set) as reference. Image-derived metrics,
including the voxel-wise mean error (ME), mean absolute error, relative error, structural similarity index (SSI), and peak
signal-to-noise ratio, as well as clinical relevant indices, such as total perfusion deficit (TPD), were utilized. Overall, AC
SPECT images generated using the deep learning networks exhibited good agreement with SPECT CT-AC images,
substantially outperforming Chang’s method. The ResNet and UNet models resulted in an ME of —6.99 + 16.72 and

—4.41 + 11.8 and an SSI of 0.99 + 0.04 and 0.98 + 0.05, respectively. Chang’s approach led to ME and SSI of 25.52 + 33.98 and
0.93 + 0.09, respectively. Similarly, the clinical evaluation revealed a mean TPD of 12.78 + 9.22% and 12.57 + 8.93% for
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ResNet and UNet models, respectively, compared to 12.84 + 8.63% obtained from SPECT CT-AC images. Conversely, Chang’s
approach led to a mean TPD of 16.68 + 11.24%. The deep learning AC methods have the potential to achieve reliable AC in

MPI-SPECT imaging.

Keywords: SPECT; myocardial perfusion imaging; quantification; attenuation correction; deep learning

Single-photon emission computed tomography (SPECT) myocar-
dial perfusion imaging (MPI) is a widely used imaging modal-
ity in the clinical diagnosis of various cardiovascular diseases.
This non-invasive examination technique plays a critical role in
the evaluation of myocardial ischemia, coronary artery disease,
and risk classification. SPECT imaging reveals cardiac physiol-
ogy that would lead to earlier detection of pathophysiology or
cardiac damage before the occurrence of morphological damage,
wherein the former could likely be reversed (particularly in the
early stages; Hachamovitch et al., 1998; Iskander & Iskandrian,
1998; Russell & Zaret, 2006).

The quality of SPECT-MPI images is fundamental in the rel-
evance of the outcomes of this diagnostic procedure, having a
direct impact on the diagnostic or prognostic accuracy. A num-
ber of physical degrading factors limit the quality and the quan-
titative accuracy of reconstructed images in nuclear medical
imaging in general and SPECT imaging in particular. These in-
clude photon attenuation, Compton scattering, septal penetra-
tion, and partial volume effect resulting from the limited spa-
tial resolution of SPECT cameras. Various strategies were devised
to compensate for the above-mentioned degrading factors aim-
ing at improving the overall diagnostic accuracy and efficacy of
SPECT imaging (Garcia, 2007; Arabi & Asl, 2010; Cuocolo, 2011;
Sajedi et al., 2014; Zeraatkar et al., 2014).

Attenuated and scattered photons within the body would af-
fect prominently the accuracy and specificity of SPECT-MPI since
they vary noticeably (in terms of distribution and intensity) from
one patient to another. They also reduce the accuracy of SPECT
quantification and the physicians’ confidence for the interpreta-
tion of images owing to the appearance of pseudo-perfusion or
metabolic defects. This originates from the attenuation of pho-
tons within the human body, which varies significantly in inho-
mogeneously attenuation regions, such as the thorax, causing
an apparent decrease in the tracer uptake. The diaphragm in
men, breast in women, lateral chest walls, and abdomen in pa-
tients with large body mass index are the most common sources
of photon attenuation artefacts in MPI SPECT imaging (Garcia,
2007; Fukushima & Kumita, 2016; Raza et al., 2016).

Various strategies were developed/employed to diminish the
adverse impact of photon attenuation in SPECT-MPI. This in-
cludes prone imaging (Singh et al., 2007; Genovesi et al., 2011),
electrocardiography (ECG)-gated SPECT imaging (Genovesi et al.,
2011), and incorporation of attenuation compensation within
iterative image reconstruction algorithms (Mostafapour et al.,
2021a). Prone imaging helps to address diaphragmatic attenua-
tion, but it is challenged by the need for longer acquisition time,
loss of image contrast, and inefficiency in dealing with breast
attenuation (Garcia, 2007; Singh et al., 2007). Attenuation correc-
tion (AC) in SPECT-MPI improves diagnostic accuracy and nor-
malcy rate, which enables the interpretation of images with con-
fidence, thus eliminating the need for a rest study in normal pa-
tients (Esteves et al., 2005; Masood et al., 2005; Garcia, 2007).

AC in SPECT imaging is commonly performed using one
of two generic approaches: transmissionless and transmission-
based methods. In transmission-based methods, regarded as

the standard/reference AC approach, an external radionuclide-
based transmission scan or CT scan is used to generate a
patient-specific attenuation map (Zaidi & Hasegawa, 2003).
Since the advent of the hybrid SPECT and CT scanners, combin-
ing emission and transmission imaging modalities into a sin-
gle system, CT-based AC has become the commonly used stan-
dard AC approach in SPECT imaging. Besides providing high-
resolution structural images (complementary anatomical infor-
mation), the technique is able to generate patient-specific AC
maps with relatively low noise and high image quality (Raza et
al., 2016). However, CT-based AC maps commonly suffer from
misalignment errors between emission and transmission scans
owing to bulk motion or involuntary patient movement in ad-
dition to increasing patients’ radiation dose (Goetze et al., 2007;
Saleki et al., 2019; Shi et al., 2020).

Transmissionless approaches generate attenuation maps
through defining body contour and assuming a uniform dis-
tribution of attenuation coefficients within the body. AC fac-
tors could also be estimated from the measured emission data.
These approaches suffer from a lack of patient specificity (ignor-
ing the inhomogeneity of tissues within the body) or high noise
levels (Shi et al., 2020; Mostafapour et al., 2021a). When struc-
tural magnetic resonance (MR) images are available, synthetic
CT images could be estimated from the MR images to perform
AC (Marshall et al., 2011).

The same challenge is faced in positron emission tomogra-
phy (PET), wherein several attempts have been made to cope
with this issue in the absence of conventional transmission or
CT scans (Mehranian et al., 2016; Arabi et al., 2018). These meth-
ods, mostly developed for hybrid PET/MRI scanners, rely on con-
current structural MR images to generate synthetic CT images
for PET attenuation and scatter correction. These include the
segmentation-based (Arabi et al., 2015; Arabi & Zaidi, 2020c),
atlas-based (Arabi & Zaidi, 2016, 2017), and joint attenuation and
emission reconstruction (Mehranian & Zaidi, 2015; Mehranian
et al., 2016). Recently, artificial intelligence-based approaches,
in particular deep learning algorithms, have revolutionized the
generation of synthetic CT images (Tankyevych et al., 2021). Deep
learning approaches enable the direct generation of accurate
synthetic CT images from MR images (Arabi et al., 2019; Bahrami
et al.,, 2020), estimation of patient-specific AC maps from the
emission data (Arabi et al., 2020), and application of direct at-
tenuation and scatter correction in the image domain without
the need for anatomical images (Arabi et al., 2020; Mostafapour
et al., 2021b).

In this work, we set out to investigate the accuracy of di-
rect attenuation and scatter correction in the image domain for
SPECT-MPI using the residual and UNet deep neural networks.
Considering our previous experience with different network ar-
chitectures, ResNet and UNet exhibited superior performance
for regression problems (Arabi & Zaidi, 2020b; Shiri et al., 2020;
Bahrami et al., 2021; Gholamiankhah et al., 2021). Hence, they
were selected in this study. We also examined GAN-based mod-
els for our regression problem, wherein the ResNet and UNet
models exhibited relatively better performance (Bahrami et al.,
2021; Gholamiankhah et al., 2021). Nevertheless, there would be
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Table 1: Number of normal subjects, normal subjects with image artefacts, and patients with cardiac defects. The total number of subjects is

99.

Normal (diaphragmatic Normal (breast attenuation
Normal attenuation artefact) artefact)
74 5 2

other deep learning architectures that might exhibit similar or
superior performance. A comprehensive comparative analysis
is beyond the scope of this study but is definitely required to
demonstrate the superiority of certain networks for a specific
task (Yuan et al., 2020; Chen et al., 2021; Liet al., 2021). These deep
learning models were trained to directly estimate attenuation
and scatter-corrected SPECT images from uncorrected images
without the use of anatomical images. We also implemented
Chang’s calculated AC technique as a baseline for comparison
of the different AC approaches in MPI-SPECT imaging. Chang’s
method, used on standalone SPECT cameras, assumes a uniform
attenuation coefficient within the body contour (Chang, 1978;
Takavar et al., 2003; Akamatsu et al., 2014). CT-based AC was con-
sidered as the standard/reference for qualitative and quantita-
tive assessment of the deep learning-based AC approaches.

This retrospective study included 99 clinical studies (36
women and 63 men, mean age = 56.04 + 12.99 yr, mean
weight = 82.03 + 24.01 kg) consisting of both normal and ab-
normal patients. There were 99 scans from 99 different pa-
tients. Eighty subjects were employed for the training, whereas
19 subjects were used for external validation of the proposed AC
model. A mixture of rest and stress studies was used with the
number of stress cases (71) more than rest cases (Mehranian et
al., 2016). The dataset was randomly split into training and eval-
uation datasets. Image quality assessment was performed by ex-
perienced physicians on non-AC SPECT images. They reported
severe diaphragmatic and breast attenuation artefacts in seven
subjects as reflected in Table 1 (two reported diaphragmatic at-
tenuation artefacts and one ischemia and myocardial infarction
belonged to the test dataset). The study was approved by the
ethical committee of Mashhad University of Medical Sciences
(Ethic number IR MUMS.REC.1398.235). The patients underwent
electrocardiogram (ECG)-gated acquisition of MPI-SPECT stress
studies 45-60 min after intravenous injection of 740-925 MBq ac-
tivity of ™ Tc-sestamibi. SPECT and CT images were acquired on
a Discovery NM/CT 670 (GE Healthcare) dual-head SPECT/CT. CT
images were acquired with 120 kVp tube potential, 50 mAs tube
current, 5 mm slice thickness, 512 x 512 matrix size, and a voxel
size 0f 0.97 x 0.97 x 5 mm?3. The SPECT data were acquired with
a low-energy high-resolution collimator using 30 projections per
detector with 25 seconds per projection (the total number of pro-
jections was 60 acquired on a dual-head SPECT/CT camera) cov-
ering a 180-degree rotation with a zoom factor of 1.3. Owing to
the sequential acquisition of SPECT and CT images, which in-
creases the potential of patient movement and misalignment
errors, image registration between SPECT and CT images was
performed using the Xeleris ™ platform, and noticeable align-
ment errors were manually corrected. CT-based AC was per-
formed to generate reference SPECT-MPI images. These deep
learning models were trained to directly estimate attenuation-
corrected SPECT images from uncorrected images without the

Ischemia

Myocardial Hypertrophic
infarction (MI) Ischemia and MI cardiomyopathy (HOCM)

4 5 2

use of anatomical images. Scatter correction was applied on
the projection data using the dual-energy window and triangu-
lar approximation method. In addition to the photopeak win-
dow, a lower energy window (92-125 keV) within the Compton
spectrum was defined to estimate the magnitude and spatial
distribution of scattered photons. The reconstruction of both
attenuation- and non-attenuation-corrected SPECT images (ma-
trix size of 64 x 64 x 40 and voxel resolution of 6.79 x 6.79 x 6.79
mm?) was performed using the ordered subset expectation max-
imization algorithm with 4 iterations, 10 subsets, and a post-
reconstruction Butterworth filter (frequency of 0.4 and power of
10). ECG-gated MPI-SPECT data were acquired using 8 frames per
cardiac cycle for R-R interval length using the forward-backward
gating method (Hesse et al., 2008; Sarebani et al., 2020). The deep
learning-based AC models were trained and evaluated using un-
gated SPECT images. A mixture of rest and stress myocardial
perfusion SPECT images were employed for training and eval-
uation of the deep learning algorithm. This could be considered
as a limitation of this work since AC may be more challenging
for rest images owing to the prevalence of extra-cardiac interfer-
ence.

In this work, two deep learning models, namely ResNet and
UNet, were implemented in TensorFlow using the NiftyNet plat-
form to predict SPECT CT-AC from SPECT non-AC images in the
image domain. The NiftyNet framework is an open-source plat-
form, developed upon the TensorFlow module in the Python en-
vironment, that provides a high-level deep learning pathway for
medical image analysis and processing, including segmentation,
classification, and image regression (Gibson et al., 2018).

The ResNet architecture, illustrated in Fig. 1, consists of 20
convolutional layers where all layers, except the last one, are
fully connected softmax layer, with 3 x 3 kernels, batch normal-
ization, rectified linear unit (ReLU), and a shortcut connection
added to each pair of 3 x 3 filters to enhance the training speed
and efficiency (Li et al., 2017). The structure benefits from dilated
convolutions (by a factor of 2 for the middle seven layers and a
factor of 4 for the last six layers) that support the exponential
inflation of the receptive field while preserving the original res-
olution of the input images.

The UNet architecture, implemented in the NiftyNet plat-
form, is an upgraded version of the traditional convolutional
neural network with a ‘U’ shape and symmetric structure con-
sisting of 23 convolutional layers in 2 major parts (Ronneberger
et al., 2015). The first part includes the contracting path (left-
hand part in Fig. 2) that follows the general convolutional pro-
cess, each consisting of two 3 x 3 convolution kernels followed
by a ReLU and a 2 x 2 max-pooling operation. At each down-
sampling step (max-pooling operation), the number of channels
increases as the convolution process will increase the depth of
the image. The second part is the expansive path (right-hand
partin Fig. 2), which consists of upsampling of the feature maps
(reducing the number of channels at every step) followed by a
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Figure 1: Architecture of the ResNet network implemented in the NiftyNet platform.

Figure 2: Architecture of the UNet network implemented in the NiftyNet platform.

transposed 2 x 2 convolutional layer (concatenated with the cor-
responding feature map from the contracting path), two 3 x 3
convolutions, and a ReLU.

The training of the networks for the prediction of SPECT CT-
AC images was performed using 80 randomly selected pairs of
SPECT non-AC and SPECT CT-AC images as input and output, re-
spectively. The input images have about 17 slices along the axial
direction of the body. Overall, 1360 2D slices were used for train-
ing of the models. Nineteen SPECT non-AC images (not used
in training) were used as an external validation dataset. 5% of
the training dataset was dedicated to model evaluation during

the training to verify and avoid the risk of overfitting. SPECT im-
ages’ pixel values were normalized to 90% of their correspond-
ing cumulative histograms to reduce the variation of intensity
range across different patients. Furthermore, irrelevant voxels
containing background air were removed through cropping the
images into a matrix size of 32 x 32 voxels for UNet and ResNet
models’ training to reduce the computational burden.

The ResNet model was trained using the following parame-
ters: learning rate = 0.0001, optimizer = Adam, loss function = L2
Loss, weight decay = 0.0001, batch size = 40, and total iterations
of 19k. The training for the UNet model was performed using the
same loss function, decay, and batch size, but the learning rate
was 0.001. The training of the UNet was completed after almost
18k iterations since its training loss reached its plateau. It should
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Figure 3: Representative MPI-SPECT images of a patient (30-year-old male, normal in stress phase) showing from top to bottom: SPECT CT-AC images, attenuation-
corrected SPECT images generated by the ResNet and UNet models, and attenuation-corrected SPECT images using Chang’s technique as well as uncorrected SPECT

images.

be noted that the training of these models was performed in 2D
mode (using 2D slices). Previous experience with 2D and 3D im-
plementations of AC in the image domain motivated the choice
of 2D over 3D implementation (Shiri et al., 2020). The 2D imple-
mentation of the deep learning-guided AC model led to overall
superior performance and fewer image artefacts (or outliers).

Quantitative evaluation of the synthetic SPECT images gener-
ated by the ResNet and UNet models was performed against
the reference SPECT CT-AC images. Calculated Chang’s AC tech-
nique was also implemented to provide a baseline for com-
prehensive performance assessment of the deep learning mod-
els. This method assumes a mean uniform attenuation coeffi-
cient of 0.09 cm™ within the body contour. A lower attenuation
coefficient was selected given that the thorax region contains
low-density lung tissue bearing low photon attenuation factors
(Izadyar et al., 2011). An empirical threshold of 5 (pixel counts)
was considered based on the intensity of SPECT images, wherein
the body contours of 11 subjects were manually corrected to
avoid any gross errors.

The quantitative accuracy of MPI-SPECT AC images was es-
timated using the following quantitative metrics: voxel-wise
mean error (ME; equation 1), mean absolute error (MAE; equa-
tion 2), root mean square error (RMSE; equation 3), and relative
error (RE%; equation 4) calculated between SPECT CT-AC and
SPECT-AC images (generated by the two deep learning models
and Chang’s method).

1 )
RMSE = N;(ds@)f 3)

RE (%) = % ; ‘;58 x 100 @)

Here, N indicates the total number of voxels in the volume of in-
terest, dS(i) = (Sc (i) — Sr(i)), Sr(i) is the reference image (SPECT
CT-AC), Sc(i) is the attenuation-corrected image using one of
the three different methods, and i stands for the voxel index
in the SPECT-AC and SPECT CT-AC images. Moreover, the peak
signal-to-noise ratio (PSNR) and structural similarity index (SSI)
were calculated between the different SPECT-AC images versus
the reference SPCET CT-AC images using equations (5) and (6),
respectively (Arabi et al., 2020).

2
PSNR = 10log (ﬁ) (5)

(2urpc + K1) (28r ¢ + K2)
(13 + 12 + K1) (82 + 82 + K2)

SSI= 6)

In equation (5) (Garcia, 2007), I represents the maximum in-
tensity of either SPECT CT-AC or different SPECT-AC, whereas
MSE is the mean square error. In equation (6), ug and pc in-
dicate the mean value of SPECT CT-AC and SPECT-AC images,
respectively. §g and §c are the variances of SPECT CT-AC and
SPECT-AC images, respectively, whereas ég ¢ indicates their co-
variance. The parameters K; = (k1) and K, = (k;1)? with con-
stants k; = 0.01 and k, = 0.02 were introduced to avoid division
by very small numbers. Furthermore, the voxel-wise correlation
of the tracer uptake between the ResNet, UNet, and Chang’s
methods versus the reference SPECT CT-AC images was calcu-
lated using joint histogram analysis.

The perceptual quality scores and semantic scores are use-
ful metrics for the evaluation of the resulting SPECT images
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Figure 4: Representative short-axis views of SPECT CT-AC, SPECT ResNet-AC, SPECT UNet-AC, and SPECT Chang-AC of a patient (30-year-old male, normal in stress
phase) along with relative bias (%) maps with respect to the reference SPECT CT-AC images. Line profiles drawn through the myocardium are also shown, and the

dashed line on the CT-AC image shows the location of the drawn profile.

Table 2: Statistical analysis of image quality metrics calculated on attenuation-corrected MPI-SPECT images reconstructed using the different

methods with respect to the reference SPECT CT-AC images.

Methods ME (counts) MAE (counts) RMSE (counts) RE (%) SSI PSNR

ResNet-AC —6.99 + 16.72 20.24 + 17.63 42.33 £+ 32.41 —0.34 + 15.03 0.99 + 0.04 28.15 + 4.17
UNet-AC —4.41 + 11.85 13.65 + 11.23 36.10 + 26.1 0.42 + 15.88 0.98 + 0.05 29.44 + 3.45
Chang-AC 25.52 + 33.98 80.27 + 47.56 83.06 + 27.98 11.74 + 31.67 0.93 + 0.09 22.06 £+ 2.50

(Seitzer et al., 2018). However, the parameters employed in the
present study are standard/conventional metrics utilized in sim-
ilar works. Hence, we opted to use these parameters to be com-
parable with previous studies.

Clinical assessment was performed through calculating
quantitative parameters extracted from Cedars-Sinai Medical
Center software, Quantitative Perfusion SPECT (QPS). These
quantitative parameters include Defect, Extent, Summed Stress
Percent (SS%), Summed Stress Score (SSS), Total Perfusion Deficit
(TPD%), Volume, Area, Shape Eccentricity (ECC), and Shape In-
dex (SI).

Figure 3 provides views along the short and long axes for a rep-
resentative clinical study, comparing SPECT ResNet-AC, SPECT
UNet-AC, and SPECT Chang-AC along with the corresponding
SPECT CT-AC. It can be seen that the deep learning-based pre-
dicted images bear image quality comparable to reference SPECT
CT-AC, while noticeable differences were observed on Chang-AC
images.

Representative long vertical axis views of SPECT CT-AC,
SPECT ResNet-AC, SPECT UNet-AC, and SPECT Chang-AC images
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Figure 5: Comparison of (a) ME, (b) MAEs, (c) RE%, (d) RMSESs, (e) PSNR, and (f) SSI, calculated in attenuation-corrected SPECT images using the different methods versus

the reference SPECT CT-AC.

along with the relative bias maps (%) with respect to reference
SPECT CT-AC images are shown in Fig. 4. SPECT ResNet-AC and
SPECT UNet-AC revealed good agreement in terms of signal re-
covery and underlying uptake patterns, while SPECT Chang-AC
images exhibited a remarkable underestimation/overestimation
of the activity concentration in some regions. This is well de-
picted on the line profile drawn through the myocardium on

the SPECT CT-AC, SPECT ResNet-AC, SPECT UNet-AC, and SPECT
Chang-AC images (Fig. 4).

Table 2 summarizes the results of quantitative metrics
(mean + SD), including ME, MAE, RMSE, RE, SSI, and PSNR,
calculated on attenuation-corrected SPECT-MPI for the differ-
ent methods across the 19 patients of the external validation
dataset. SPECT UNet-AC revealed the smallest voxel-wise ME
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Figure 6: Voxel-wise joint correlation histogram analysis of attenuation-corrected SPECT images using the different methods versus reference SPECT CT-AC images:
(a) ResNet, (b) UNet, (c) Chang’s methods, and (d) joint correlation histogram analysis of SPECT non-AC versus reference SPECT CT-AC images.

ResNet-AC

UNet-AC

Figure 7: Outlier report: Axial views of SPECT-MPI (58-year-old male, normal in
stress phase) showing from left to right: SPECT CT-AC, SPECT ResNetAC, and
SPECT UNet-AC images where the UNet-AC model resulted in gross errors.

(—4.41 + 11.85), MAE (13.65 + 11.23), and RMSE (42.33 + 32.41)
among the three evaluated models.

Figure 5 presents box plots of ME, MAE, RMSE, RE (%),
RMSE, and SSI metrics calculated for the different attenuation-

corrected MPI-SPECT images. The joint histogram analysis illus-
trating the voxel-wise correlation between the reference SPECT
CT-AC images and SPECT images corrected for attenuation using
the different techniques demonstrates that SPECT images cor-
rected for attenuation using UNet and ResNet models are highly
correlated (R? = 0.99) with reference CT-based AC SPECT images
(Fig. 6).

In addition to the assessment of quantification errors, the
resulting AC SPECT images were visually examined to deter-
mine the number and severity of outliers (or gross errors) in-
dicating the uncertainty of the model. In this regard, the out-
liers were reported separately to assess the uncertainty of the
proposed methods (Schlemper et al., 2018). Figure 7 illustrates a
representative case study where the UNet model exhibited gross
errors (outlier report). This patient had noticeably lower *®™Tc-
sestamibi uptake in the heart compared to other patients in the
dataset.

Table 3 summarizes the statistical analysis results obtained
from the quantitative assessment of MPI-SPECT images across
the 19 patients of the external validation dataset. Regarding
the TPD (%) index, SPECT images reconstructed using ResNet
(12.78 + 9.22) and UNet (12.57 + 8.93) models exhibited good
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Table 3: Descriptive statistics of quantitative perfusion analysis of MPI-SPECT images for the different attenuation-corrected images using the

Cedars-Sinai-QPS software.

Methods SSS SS (%) TPD (%) Defect (cm?) Extend (%) Volume (ml)  Area (cm?) SI ECC
CT-AC Mean + SD 9.94 +£6.31 1431 £9.04 12.84+863 2157 +17.24 1584+ 11.07 89.89 +41.52 130.63 +32.66 0.59 + 0.09 0.82 £ 0.05
Min 0 0 2 1 26 75 0.43 0.72
Max 25 37 35 42 185 191 0.75 0.91
ResNet-AC Mean + SD 9.68 £6.12 1421 £9.07 1278 +9.22 20.78 £17.52 15734+ 11.36 87.57 +£39.72 127.94 +31.82 0.62+0.10 0.81 +£0.04
Min 1 1 1 1 24 72 0.44 0.75
Max 25 37 36 42 178 183 0.80 0.90
UNet-AC Mean + SD 8.89 +6.50 13 +£9.63 1257 £8.93 21.10 +£19.33 14.89 + 12.10 92.05 +42.05 132.47 +32.33 0.60 + 0.09 0.83 +£0.03
Min 3 4 3 2 23 70 0.42 0.75
Max 26 38 34 42 191 197 0.80 0.90
Chang-AC Mean + SD 1294 £9.15 19.05+ 13.37 16.68 +£11.24 24.94 +19.70 20.05 + 14.14 77.00 +42.48 115.10 +£35.61 0.63 +0.07 0.80 + 0.04
Min 3 4 5 4 16 56 0.52 0.73
Max 34 50 39 47 183 185 0.80 0.88

Figure 8: Bland-Altman plots of SSS calculated between (a) UNet and CT-AC methods, (b) ResNet and CT-AC methods, and (c) Chang and CT-AC methods.

agreement with the reference CT-AC images (12.84 + 8.63). De-
tailed information about the distribution of TPD (%), SS (%), and
SSS indices is shown in the box plots depicted in Supplemental
Fig. 2.

The Bland-Altman plots for SSS, PDD, and defect metrics cal-
culated between CT-AC and the different AC methods are pre-
sented in Figs 8-10. It was observed that 95% of the data points
for the deep learning models lie within +1.96 SD of the mean
difference, while the differences between the metrics calculated

from Chang and CT-AC methods are significantly larger than the
two other AC methods.

A Wilcoxon signed-rank test was performed for ResNet and
UNet models, wherein statistically significant differences were
observed in RMSE and MAE metrics (Z = —3.743, p < 0.02 for
MAE and Z = —2.857, p < 0.005 for RMSE), demonstrating slightly
better performance of the UNet model. The results of Wilcoxon
signed-rank test showed that there are no statistically signifi-
cant differences in SSS and TPD (%) metrics for the ResNet and
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Figure 10: Bland and Altman plots of Defect metric calculated between (a) UNet and CT-AC methods, (b) ResNet and CT-AC methods, and (c) Chang and CT-AC methods.

Unet models [Z =—1.235,p =0.217 for SSS and Z = 0.345, p = 0.730
for TPD (%)].

In this work, we investigated the possibility of direct AC of
PmTc-gestamibi SPECT-MPI in the image domain using deep
learning-based models. The quantitative results achieved from
the analysis of the external dataset consisting of 19 patients
demonstrated that the deep learning-based approaches (namely
ResNet and UNet) were able to produce attenuation-corrected
MPI-SPECT images, featuring an excellent agreement with the
reference CT-based attenuation-corrected MPI-SPECT images.
Calculated Chang’s AC method was also implemented to pro-
vide a baseline for insightful performance assessment of the
deep learning-based solutions. Though Chang’s method was
mainly designed for applications in brain imaging and is less
applicable in the thorax and pelvis regions owing to the hetero-
geneity of the attenuating medium, this method enables par-
tial recovery of the signal loss caused by attenuated or scat-
tered photons. As such, this technique would provide relatively
improved image quality/contrast (compared to non-AC image)
and can be considered as an alternative AC approach on trans-

missionless SPECT cameras or to decrease the radiation dose
to patients. The deep learning models outperformed Chang’s
AC method as demonstrated by the quantitative image-derived
metrics.

The deep learning-based AC models developed in this work
are capable of modelling/compensating for photon attenuation
and associated artefacts, such as mismatch between emission
and transmission scans (Shiri et al. 2020, ; Yang et al., 2021b).
Since the majority of the training samples are pairs of aligned
SPECT images without and with AC, the deep learning networks
would accurately model the deficiencies due to photon attenua-
tion and artefacts related to mismatches between emission and
transmission scans. However, other artefacts resulting from the
acquisition/system or patient motion, which are almost similar
on both non-AC and AC SPECT images, would not be corrected
by these AC models. To account for such artefacts, dedicated
deep models should be developed/trained using simulation or
artefact-free datasets (Lim et al., 2019; Arabi & Zaidi, 2020c, 2021;
Lyu et al., 2021).

CT-based AC is routinely performed on hybrid SPECT/CT
systems in clinical practice, thus enabling quantitative MPI-
SPECT imaging taking advantage of accurate, low-noise, patient-
specific AC maps. However, this hybrid imaging modality suffers
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Figure 9: Bland-Altman plots of TPD% calculated between (a) UNet and CT-AC methods, (b) ResNet and CT-AC methods, and (c) Chang and CT-AC methods.

from a number of limitations, including additional patient ra-
diation exposure and potential misregistration between CT and
SPECT images that may cause quantitative uncertainty or image
artefacts (Goetze et al., 2007; Dickson, 2019). Deep learning-based
AC in the image domain would eliminate the need for transmis-
sion scanning or CT-derived AC maps. Deep learning-based AC
in the image domain for PET imaging demonstrated a promis-
ing capability to account for the misalignment between emis-
sion and transmission images owing to respiratory or patient
bulk motions (Shiri et al., 2020; Mostafapour et al., 2021b; Zaidi
& E1 Naqga, 2021).

In recent years, deep learning methods have been increas-
ingly applied for AC in PET, reporting promising results for the
generation of AC maps from MR images or direct AC of non-
attenuation-corrected PET in the image domain (Arabi et al,,
2019, 2020; Dong et al., 2020). However, fewer studies have been
conducted on the use of deep learning-based AC in SPECT imag-
ing (Marshall et al., 2011; Arabi & Zaidi, 2020a) owing to the
smaller availability of SPECT/MR hybrid systems in clinical set-
ting (Hutton et al.,, 2018). In this regard, Shi et al. (Shi et al.,
2020) proposed a novel framework wherein MPI-SPECT images
of both photopeak and scatter energy windows, interconnected
as a multichannel image, were fed into a generative adversar-

ial network (GAN). Their GAN model used a modified 3D ver-
sion of a U-net architecture as a generator and a typical CNN
architecture as a discriminator. A GAN model enables the esti-
mation of patient-specific AC map from scatter and photopeak
images, relying on the existing complementary information be-
tween these images. The quantitative analysis of this approach
performed on 25 patients revealed a normalized mean absolute
error (NMAE) of 3.60 + 0.85% between synthetic and CT-based
attenuation maps, leading to accurate AC in SPECT-MPI (Shi et
al., 2020). In a recent study, Nguyen et al. proposed a 3D Unet-
GAN network (the 3D GAN network model that uses 3D UNet
as the generator), generating attenuation-corrected MPI-SPECT
from non-attenuation-corrected SPECT as input (Nguyen et al.,
2020). The results of this work showed that their proposed model
could generate synthetic SPECT-AC images with SSI = 0.945%
and NMAE = 0.034 compared to the reference SPECT CT-AC im-
age.

Torkaman et al. employed a conditional generative adversar-
ial network (cGAN) based on the Pix2Pix model for direct AC of
SPECT-MPL They also extended the proposed model to Wasser-
stein cGAN to improve the stability of the optimization pro-
cess. The quantitative evaluation revealed a normalized RMSE
(NRMSE) of 0.14 + 0.08, a PSNR of 36.38 + 3.74, and an SSI of
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0.99 +0.00 for the cGAN model (Torkaman et al., 2021). This study
lacked detailed clinical evaluation of the proposed method. In
another study, Yang et al. investigated direct AC in the image
space for cardiac stress-only ®™Tc-tetrofosmin SPECT-MPI. They
exploited a 3D UNet-based network for the direct generation of
attenuation-corrected SPECT images from non-AC ones. Scatter
correction was not considered in this study (reference CT-based
AC was performed without scatter correction). Voxel-wise and
segment-wise analyses were performed to evaluate the gener-
ated AC SPECT images versus reference CT-based AC for 100 pa-
tients. Their model achieved an NRMSE of 0.15 & 0.09, a PSNR
of 36.2 &+ 4.1, and an SSI of 0.99 + 0.01 in voxel-wise analysis.
Segment-wise analyses of the resulting cardiac SPECT images
based on the American Heart Association 17 segments in the
myocardium revealed reduced attenuation artefacts, though the
deep learning AC model resulted in some outliers (Yang et al.,
2021a).

The magnitude of errors observed in this work is in good
agreement with previous studies, which indicates that deep
learning solutions enable one to achieve robust and repeatable
synthesis of MPI-SPECT images with clinically tolerable errors.
The deep learning models exhibited less than 10% quantifica-
tion errors for most of the subjects in the test dataset (Table 2),
which are commonly considered as clinically tolerable errors
(zaidi, 2006). This observation is supported by the clinical re-
sults summarized in Table 3, wherein the two deep learning-
based AC approaches exhibited almost similar results compared
to CT-based AC. In this light, it was concluded that the deep
learning AC methods have the potential to achieve reliable AC in
MPI-SPECT imaging. These deep learning AC frameworks could
be employed on standalone SPECT-only or SPECT/MR cameras
to achieve reliable quantitative imaging. Nevertheless, further
studies are required to evaluate the feasibility of this method
using larger databases covering different radiotracers, body re-
gions, and acquisition protocols, in the presence of a broad range
of defects/diseases.

This study investigated the potential of direct AC of *™Tc-
sestamibi MPI-SPECT images in the image domain using deep
learning-based algorithms. The clinical and quantitative eval-
uations revealed that the deep learning AC methods have the
potential to achieve reliable AC in MPI-SPECT imaging.
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